With more complex structures and denser populations, congestion is a crucial factor in estimating evacuation clearance time. This paper presents a novel evacuation model that implements a game theory combining the greatest entropy optimization criterion with stochastic Monte Carlo methods to optimize the congestion problem and other features of emergency evacuation planning. We introduce the greatest entropy criterion for convergence to Nash equilibrium in the n-person noncooperative game. The process of managing the conflict problem is divided into two steps. In the first step, we utilize Monte Carlo methods to evaluate the risk degree of each route. In the second step, we propose an improved method based on game theory, which obtains an optimal solution to guide the evacuation of all agents from the building.
Introduction
Emergency evacuation plans are developed to ensure the safest and most efficient evacuation time of all expected residents of a structure or region [1] [2] [3] [4] . With the increasing complexity of building and frequency of disasters, the evacuation routing optimization problem has become very popular in the area of emergency planning. In particular, evacuee congestion-related evacuation modeling has drawn attention because evacuee congestion has a significant impact on emergency evacuation planning. Ha and Lykotrafitis [5] considered motivational force, psychological repulsive tendency, compression, viscous damping/personal force, and sliding friction in the simulation of specific emergency evacuations. They govern particles' motion by the social-force model to investigate the effect of crowd evacuation. Chooramun et al. [6] developed an evacuation model utilizing hybrid space discretization, which uses a mixture of three basic techniques for space discretization, namely, coarse networks, fine networks, and continuous networks. Manley and Kim [7] took an agent-based approach to estimate formation of bottlenecks during urgent evacuation. Furthermore, many studies have been conducted to interpret the multiple-exit selection problem in a game-theoretic framework. The work of Zheng et al. [8] [9] [10] studied evacuees' cooperative and competitive behaviors by using a close analogy to the chicken-type game. Tanimoto et al. [11] proposed a deductive approach to analyze the bottleneck problems of pedestrian evacuation by using a close analogy to the saint and temptation reciprocity game. Shi and Wang [12] proposed a microscopic framework to research the complicated interactions among the competing pedestrians based on the modified lattice gas model by using snowdrift game theory. Lo et al. [13] proposed a dynamic exit selection model by calculating a mixed-strategy Nash equilibrium of a zero-sum game. Li et al. [14] proposed a Bayesian game to research how pedestrians select exits for evacuation optimization. They proposed a QRA model only considering one factor with Monte Carlo methods. They regarded the individual as a participant and prepared a local framework to research the evacuation problem; however, this method omits global evacuation factors. During the past decade, game theory has been developed in the areas of competitive behaviors and the rationality problem of evacuees [15] [16] [17] [18] . However, the degree of congestion of the emergency exit, the average congestion degree of the evacuation route, the congestion degree of diverted traffic, 2 Mathematical Problems in Engineering the route evacuation degree, the maximum flow rate of exit, and the fire origin location are six crucial factors that affect evacuation clearance time and the process of evacuation. In most evacuation models, modeling the dynamic wayfinding of people with respect to these congestion situations and the actions of other evacuees simultaneously is rare. Therefore, the present study is an attempt to present a new evacuation routing optimization from the perspective of these six factors.
In this paper, we present a multiple-exit evacuation model (MEEM) based on a game with quantitative risk assessment (QRA) to make an optimal egress route plan, taking into account these six factors. MEEM uses information about the congestion and evacuees to evaluate the risks and compute the Nash equilibrium of the evacuees using the payment function of the game. To demonstrate our method, the crowd simulations treat all evacuees as discrete individuals using agent-based modeling (ABM) [5] . ABM considers each individual as a particle whose motion is governed by Newton's equations, assuming that we know the agents' distribution and locations. We measured experimental data from the first floor of the Computer Building in Jilin University.
This paper addresses two issues. The first is how to estimate the degree of risk of a route. The second is how to determine the optimal evacuation routes for evacuees. This paper investigates the optimal evacuation plan using a gametheoretical model to estimate the degree of risk of a route. The evacuation clearance time and crowd density can be improved using this technique, which also takes full advantage of multiple exits to obtain the safest evacuation route.
The remainder of this paper is organized as follows. Section 2.1 introduces the QRA model based on Monte Carlo methods. Section 2.2 presents the route optimization based on game theory and introduces the related work about evacuation planning. Section 3 presents the optimization results. Section 4 concludes this paper and looks into the future of this research.
The Methodology

Risk Assessment.
Quantitative risk assessment models based on the Monte Carlo algorithm were designed to estimate the risk indices for the routes, which are used in quantitative analysis and decision-making. They involve a class of computational algorithms that rely on repeated random sampling to calculate their results. Some researchers use Monte Carlo method for simulating pedestrian evacuation [2, 4, [19] [20] [21] . They are often used to model phenomena with significant uncertainties in inputs.
Monte Carlo simulation furnishes the decision-maker with a range of possible outcomes and associated probabilities. They will occur for any choice of action. It shows the extreme possibilities of "going for broke" as well as the most conservative decision along with all conceivable consequences in between.
This simulation method does not always require truthful data to be computed, such as risk assessment. We use deterministic and pseudorandom sequences, making it easy to test and rerun simulations. The only quality usually necessary to make satisfactory simulations is the pseudorandom sequence to appear "random enough" in a certain sense. The model follows a particular pattern:
(1) Define a domain of possible inputs for the risk assessment.
(2) Randomly generate inputs from a probability distribution sampled over the domain.
(3) Perform a deterministic estimate on the inputs according to distribution characteristics of the random variable.
(4) Obtain the risk assessment value.
The quantitative risk assessment principles estimate the risk indices of the escape route by combining the various risk weights of enclosures. We select sensitive factors as stochastic variables in the Monte Carlo analysis. The factors consist of five principal events: the fire origin location, the congestion degree exit of the emergency exit, the average congestion degree route of the evacuation route, the congestion degree intersection of diverted traffic, and the route evacuation degree evacuation .
Here, evacuation = exit / room : exit is the distance between the exit and the location and room is the average speed of the pedestrians in an enclosure. The congestion degree is the value between the congestion evacuation time and the ideal evacuation time. The building construction regulates the minimum requirement of outflow rate per unit exit width and unit time, called the outflow coefficient rate evacuate . The ideal evacuation time is the quotient of the number of pedestrians divided by rate evacuate . As random variables, exit , route , and evacuation obey lognormal distributions in the QRA model, and intersection obeys a triangular distribution.
The triangular distribution is defined using the most optimistic value OP, the maximum possible value MP, and the most pessimistic value PP, where 0 < OP < MP < PP. The values around the maximum possible value are more likely to occur. The variables described by a triangular distribution include the congestion per unit of time. The triangular distribution data of congestion degree of diverted traffic are shown in Table 1 .
The QRA model calculates OP, MP, and PP for the duration time of the key congestion crossroads.
The lognormal distribution is defined using values that are positively skewed, not symmetric like a normal distribution. It is used to represent the values that do not go below zero but have unlimited positive potential. For a lognormal distribution , the parameters denoted by and are, respectively, the mean and the standard deviation of the variable's natural logarithm, = + , and is a standard normal variable. Norm = NORMSINV (LAP), NORMSINV is the inverse function of the standard normal distribution function, and = − /Norm. See Table 2 for the congestion degree of the emergency exit.
According to the distribution function, we parse the inverse function of the random variable. Then, we calculate Min: the congestion minimum value, Max: the congestion maximum value, and CP: coverage probability.
the results iteratively, each time drawing a different set of random deviates from the probability functions. Five hundred Monte Carlo simulation iterations are used. Finally, we calculate the mean value of each event as the tabular statement of assessment criteria (TSAC).
In this section, we propose a risk index (RI) to quantify the magnitude of risk for emergency exits based on TSAC. As a general case, we consider an example of an enclosure that has exits leading to the outside of the building. Let RI = / ∑ , ∈ and ∈ , representing that the th exit has imposed capacity restrictions. We thus have
Here, is the number of pedestrians in the enclosure and is the threshold of the pedestrian in the th exit making sure that every exit congestion time is less than the congestion time threshold (20 seconds). We calculate each exit that can accommodate a maximum number of evacuated people ( ), concretely as
where safe = harm − risk , and risk is defined as
Here, harm is the available safe egress time:
where is the duration time of the combustion source, is the distance between the fire location and the exit, and is the risk radius of the combustion source. RI is a weighting factor of payoff function in MEEM, allocating the distribution of evacuees in each route using game theory.
Route Optimization Based on Game Theory.
A game consists of a set of participants, a set of strategies available to those participants, and a specification of payoffs for each combination of strategies [22] .
In this paper, we present MEEM by using a close analogy to the -person noncooperative game. MEEM provides a macroscopic perspective to understand the conflicts during emergency evacuation as well as the rationality of evacuees. We employ a density-detection method to judge a congestion problem. The density-detection method employed assesses the crowd density during emergency evacuations in cases where the rectangular enclosures are discrete homogeneous building enclosures. If the crowd density of rectangular enclosures is above the density threshold, we regard all escape exits as the participants of the game. We define any combination of distributed evacuations of each participant as game strategies. The maximum flow rate of each exit is the number of agents walking through an exit per unit time. The maximum flow rate (MFR) can influence the evacuation time. For example, when a number of evacuees who decide to egress through an exit come to the MFR, the evacuees must queue at the exit. The corridor has a maximum flow rate, like the exit. In order to introduce the MFR, we set the ratio of the MFR of the exit to the MFR of the corridor as a weighting factor in the payoff function.
The enclosure calculates evacuation planning using game theory with Monte Carlo risk assessment mechanisms. The evacuation planning redistributes agents to other exits in the queue, which reduces queue sizes and the escape time.
The conflict problem uses MEEM that has two significantly different processes in two different phase states. The first is a preoptimization state, in which the Dijkstra algorithm obtains the shortest route of each enclosure (e.g., a room) to an exit at the beginning of the evacuation. The second is a conflict optimizing state, in which crowd densities over the density threshold threshold trigger reselection of other exits to reduce evacuation clearance time.
The process of an agent's evacuation is mainly influenced by other agents and the environment. Each agent will always choose the maximum utility (minimum cost) route with respect to the states of the exits so as to minimize the escape time. In the preoptimization state, each exit estimates the crowd density according to the expected travel time of all enclosures and the outflow coefficient. If the crowd density of an exit will exceed the density threshold, we treat an enclosure as a whole entity and assign all the evacuees of the enclosure to the exit.
In the conflict optimizing state, we treat all the evacuees of crowding as a whole entity and reselect any exit, when the crowding is formed at the vicinity of an exit in the evacuation process. The distance to the reselected exit is less than the scope threshold between the reselected exit and the enclosure.
As a general case, we consider the MEEM in that pedestrians are anxious to evacuate from an enclosure. The enclosure has exits leading to the outside of the building. The initial positions of the evacuees are distributed randomly at the start of evacuation. The game is defined as = { , , , }, where
(1) participator is the th escape exit defined as , ∈ , = {1, 2, . . . , };
(2) strategy space is a strategy of which is , ∈ [0, ], ∈ and we assume that the largest number of evacuees is from and is equal to ( ) in QRA method; (3) action is which is the set of actions for enclosure ; let = {select, select none}, ∈ ; (4) preference is the priority level of the game such that more dangerous routes obtain higher priority;
is the payoff function of the game, where − * represents the payoff value of ; more formally, let
where = * RI * , = , and − is satisfied by * (RI * − ) .
The product of RI times represents the maximal number of evacuees in the th exit. Based on the QRA method, we can estimate the number of occupants evacuated at the th exit by the product of RI and . represents the number of evacuees who set the th exit as the destination. When increases, RI * − decreases and so does the revenue. In addition, we consider the parameter as the outflow coefficient to affect the evacuation planning. When < 1, it illustrates that occupants who walk through the corridor to the exit are more numerous than those who escape through the exit. With the decrease of , the capacity of evacuation becomes smaller, and it is more than 0. When is equal to 1, it indicates that the corridor and the exit have an outflow coefficient of the same width. Therefore, we take ( − * ) to influence the capacity of evacuation at each exit in terms of the evacuation rate.
In game theory, a Nash equilibrium is the optimal combination of strategies. It will force the strategies proposed by some participants to be the best reaction to strategies put forward by other participants. We introduce the Greatest Entropy Criterion (GEC) for solving the Nash equilibrium involved in the game theory.
The GEC shows that every player must understand what strategies other players select in order to obtain large amounts of information. Nash equilibria are expected equilibria in -person noncooperative condition games under GEC. The Nash equilibrium is the maximum point of . We set ( * 1 , . . . , * ) as the expected equilibrium; * is the maximum point of the function ( ) with the following formulation:
where
is the number of measurable sets on the measurable space, ∈ {1, 2, . . . , }, and = { ∈ | ( ) ̸ = ⌀}. When each player chooses an action, is a payoff function ( 1 , . . . , ) for player . In this study, we solve the maximum point with its derivative as follows:
The detailed mathematical description of the derivative of function ( ) is given by
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The shortest path route i,j of E i to R j , j = {1, . . . , N} We see that the variable ( ) becomes
The derivative of the function ( ) is
We can solve for . Let pro = /Σ and obtain the pedestrian distribution pro * assigning the crowd to . Figure 1 shows the game theory rules to deal with the conflict. The computation process will be iterated at each time step. : cumulative number of persons passing through the exit. : clearance time.
Discussion and Results
The configurations for the simulation are set as follows:
(1) The room is a square space, 10 m × 15 m. The corridor is a square space, 40 m × 4 m.
(2) There are 40 pedestrians in each room with a total of 160 pedestrians in the entire building.
(3) The fire location is in the middle of a long corridor space. The fire and the corridor are 18 m apart.
(4) We set the parameters of fire as follows: = 2, = 10, and = 20 √ 2. Figure 2 shows four rooms (black squares), a corridor (gray square), four doors (red squares), and two escape exits (purple squares). The average escape time for the agent, MEEM, and exit selection models are 89 minutes, 77 minutes, and 84 minutes, respectively. Table 3 shows the distribution of evacuees among two exits. We can see that MEEM makes the most of the availability of the two exits. The simulation output with the game theory model provides a more rational result than the agent method by merely considering the travel distance from the exit. Our algorithm is compared to the agent method to reduce the evacuation time and the degree of congestion. Table 4 shows the simulation output of different outflow coefficient ratios for the first exit in the game. When is closer to 1, the evacuation capability is larger. With an increase of the outflow coefficient ratio, the evacuation time becomes smaller but is not more than 1. The experiment demonstrated that the referenced evacuation coefficient can affect the evacuation planning. Figure 3 shows that the simulated output of the two methods gives the same evacuation time when is less than 80. That is because the congestion degree is less than the density threshold, and the optimized evacuation route can be found without using game theory. With the increase of , the time difference of the two methods becomes greater but is not more than 260. When 260 pedestrians evacuate from the entire building, the agent using game theory is able to push the optimization ability to its limits. To test our algorithm, we ran it on the first floor of the Computer Building in Jilin University as shown in Figure 4 . Figure 4 shows the layout plan of the first floor. The building information, labeled on the diagram, is as follows.
Here, ( ) represents an enclosure which will accommodate pedestrians in the circle. Exit / describes exit information as a serial number divided by the outflow coefficient of the exit. All occupants will escape from the enclosure and then pass through the exit to reach the place of safety.
The gray rectangles are the corridors of the building. We mark the outflow coefficient of the corridor on its inside.
For example, Exit 1 is an escape hatch in the shortest route of enclosure 15. When the crowd is formed at the vicinity of Exit 1, enclosure 15 will seek an alternative exit. The optional exits include Exit 1, Exit 2, Exit 3, and Exit 4. Figure 6 shows the evacuation assessment of each exit. The red curve represents the number of congestion agents at the exit, and the blue curve represents the number of agents at the exit.
The QRA method calculated the RI of each route according to the threshold of the pedestrian. It generated the tabular statement of assessment criteria for escape routes as shown in Tables 5 and 7 .
The simulation output provides a more rational result than merely considering the travel distance to the exit. The total number of evacuees is 806. Table 6 shows 38 (5) 40 (5) 39 (5) 41 (5) 42 (5) 43 (5) 37 (6) 36 (35) 35 (35) 34 (35) 16 (10) 18 (10) 17 (10) 20 (10) 19 (10) 28 (8) 29 (6) 30 (7) 33(100) 32(100) 31 (2) 15 (100) 14 (100) 1 (5) 2 (5) 3 (5) 4 (5) 5 (5) 6 (5) 7 (5) 8 (5) 9 (5) 10 (6) 11 (7) 12 (6) 13 (8) 27 (10) 26(10) 25(10) 24(10) 21 (60) 23 (10) the distribution of the crowd evacuation. The digits are the serial number of the enclosure in front of the brackets of the section column, and the quantitative distribution of the pedestrians is in the brackets. The Headcount column is the total number of pedestrians. We analyzed the data merely considering the travel distance from the exit and game theory to optimize the export evacuation. The upper half of Figure 7 is the result of the merely agent-based optimization evacuation. The lower half is the details of the evacuation plan. Subsequently, congestion data and evacuation data are described as ways for analyzing the evacuation in Figure 5 . Figure 8 is the optimized evacuation diagram. Comparing the two optimized kinds of data shows that the merely agent-based optimization evacuation cost is 161 s and the maximum congestion number is 332 pedestrians, while the optimized game evacuation cost is 121 s. Meanwhile, we can see from Figure 8 that the evacuation takes full advantage of the four exits and the congestion number is not more than 37.
Finally, comparing a simulation output for the snowdrift game theory and the exit selection model, we note that those two methods improve the evacuation planning better than the agent method in Table 8 . We set PIC = 0.5, = 0.1, PC = 0.5, and = 0.8 in the snowdrift game theory. Since snowdrift game theory merely considers a single room, we introduce the shortest route to the global optimization of evacuation planning, in order to compare with our approach.
The performance of the exit selection model obtains a better result than the snowdrift game theory. However, the exit selection model does not consider fire source positions or MFR. In addition, the agent and snowdrift game theories are microscopic optimizations for evacuation and merely obtain locally optimal solutions, so they cannot arrive at a globally optimal solution from a local optimum in a complex scene. Table 8 shows that our proposed algorithm improves the efficiency of the evacuation. Our method can minimize time compared to other methods. We can conclude that the method guides evacuations to achieve larger outflow and lower probability for congestion at the exit. 
Conclusion
Evacuation optimization technology has traditionally faced the problem of achieving effective evacuation planning with minimal evacuation clearance time for individuals. In this paper, we have presented a novel model (MEEM) in which game theory and Monte Carlo methods are combined for evacuation routing optimization in complex scenes. The improved game theory method finds the global minimizer for the evacuation time using maximum entropy theory. This model obtains a global optimum agent distribution with an estimation of the degree of risk of a route to manage the routing selection problem and the congestion conflict problem. Compared to other evacuation models, we employed a method based on an agent whose motion is governed by Newton's equations to simulate the effect of complex building architectures during urgent evacuation. MEEM has been established to examine how the rational evacuation planning of the evacuees affects the evacuation process. Our model considers the exits as participants rather than agents, which can deal with more agents in the game optimization problem. Finally, we develop evacuation plans by calculating payoff functions for convergence to Nash equilibria, which are established based on maximum entropy theory. Thus, MEEM can rationalize the route of the evacuees. Further work will need to examine the effect of familiarity and environmental stimuli as well as accident prevention effects on multiple-exit selection.
